We use a computational modelling approach to explore whether it is possible to infer a tumour's cell proliferative hierarchy, under the assumptions of the cancer stem cell hypothesis and neutral evolution. We focus on inferring the symmetric division probability for cancer stem cells in our model, as this is believed to be a key driving parameter of tumour progression and therapeutic response. Given the advent of multi-region sampling, and the opportunities offered by them to understand tumour evolutionary history, we focus on a suite of statistical measures of the phylogenetic trees resulting from the tumour's evolution in different regions of parameter space and through time. We find strikingly different patterns in these measures for changing symmetric division probability which hinge on the inclusion of spatial constraints. These results give us a starting point to begin stratifying tumours by this biological parameter and also generate a number of actionable clinical and biological hypotheses including changes during therapy, and through tumour evolution.
Introduction

1
The cancer stem cell hypothesis (CSCH) posits that tumours are composed of a hierarchy of cells with 1 − α, creating one TIC and one TAC. While there is evidence that microenvironmental parameters such 86 as nutrient deprivation 40 , acidity 21 and hypoxia 41, 42 can change symmetric division probability, and that 87 it is likely to vary from cell to cell, for simplicity we will assume it is constant. As it has been shown 88 theoretically that the overall dynamics of TIC-driven tumours is equivalent with or without TIC symmetric 89 differentiation 43 (when a TIC divides to create two TACs), and as the lineage extinction possible in this 90 case would significantly complicate our phylogenetic analysis, we make the simplifying assumption that 91 there is no symmetric differentiation.
92
We assume that every TAC division is symmetric, creating two TACs, but only allow this to progress 93 for β rounds of division, after which the TAC will die if chosen to divide again. Here β represents the 94 replicative potential of TACs, and is posited to represent telomere length 44 . Previous theoretical work has 95 shown that tumour growth kinetics in spatially constrained geometries are strongly affected by the value of 96 β 28 . In particular, if β > 5, simulated tumours experience unrealistically lengthy growth delays. Therefore 97 we follow a previously used assumption 3, 29 and fix β = 4. This mode of growth and differentiation is 98 illustrated in Fig 1A. For simplicity, we neglect cell death, though this could be added as a straightforward 99 extension in future work.
100
Neutral evolution
101
To understand the effects of neutral evolution on tumours with differing proliferative hierarchies, we 102 extend our model of tumour growth under a proliferative hierarchy to include random mutations. At Each TIC can divide symmetrically with probability α to make two identical TIC progeny, or asymmetrically with probability (1 − α) to make one TIC and one TAC. TACs divide symmetrically until they reach a specific divisional age (β = 4 for this work), after which they die upon division attempt. (B) At each division event (branching) after the first (carcinogenesis, labelled with a 1), a random number of mutations drawn from a Poisson distribution with expectation λ is conferred on each daughter (subsequent starred events). Each mutation event is given a unique flag, which is inherited by its offspring unless they too mutate. Each unique mutation can then be considered as a novel mutant allele (red) appearing in the population. (C) Flowchart outlining cellular automaton rules governing TIC and TAC growth, including spatial inhibition of growth and TAC age. each cell division, there is a possibility that one or more mutations occur. To determine the number of 104 mutations accumulated by a given daughter cell, we independently draw a random number from a Poisson 105 distribution with rate λ . We assume for simplicity that every mutation arising in our model is unique. This
106
'infinite sites' assumption is usually ascribed to Kimura 45 .
107
For simplicity, we assume that mutations confer no advantage, disadvantage or any other phenotypic 108 change and therefore serve only as a method by which to track clonal lineages. This assumption could in 109 principle be loosened to allow for positive selection 46 , a balance of positive and negative selection 47 , and 110 neutral 48 . A schematic of this model of evolution, and labelling scheme, is shown in Fig 1B. 
111
For computational efficiency, we record a unique flag only for the most recent mutation accumulated
Spatial dynamics
As we are interested in the effect of the proliferative hierarchy on the neutral evolutionary process in solid, 119 spatially constrained tumours, we embed our cell-based model in a two-dimensional square lattice. While 120 recent work has shown some qualitative differences in vascularised CA models between two and three 121 dimensions, using a two-dimensional lattice for unvascularised tissue is a common simplification 50-53 that 122 allows spatial constraints to be studied in a computationally tractable manner. In addition to the above 123 description of cell proliferation, we consider cell proliferation to be modulated by contact inhibition 54 .
124
Each cell is allowed to divide only if there is one or more free lattice sites within that cell's Moore 125 neighbourhood; if not, then we consider the cell to be in a quiescent state that may be exited when space 126 becomes available. At each time step, each 'cell' has an opportunity to divide given that it has space to do 127 so. Cells are chosen uniformly at random for updates from the entire population to avoid order bias.
128
Cell-type specific rules
129
If space is available, and the cell is a TIC, then the type of division is determined by choosing a uniform 130 random number, r, from [0, 1]. If r < α, then the TIC divides symmetrically, creating another TIC that is 131 placed uniformly at random in one of the free neighbouring lattice sites. The parent and daughter TICs 132 will independently acquire a random number of new mutations, as described above. If r ≥ α, then the TIC 133 divides asymmetrically, creating a TAC that is placed uniformly at random in one of the free neighbouring
134
Figure 2. Temporal evolution of the spatial model reveals observable morphologic differences between TIC-driven and non-TIC-driven tumours, as observed by others. We plot representative results of simulations of two tumours, each simulated on a square lattice of size 400 × 400. Top: a tumour simulated with α = 0.2 and β = 4. We notice, as have Enderling et al. 27 and Sottoriva et al. 3 , a 'patchy' clonal architecture, and non-uniform edge. Bottom: a tumor simulated with α = 1.0, i.e. no proliferative hierarchy. We note smooth edges, radial patterns of clonal architecture and relatively faster population growth, reaching ≈ 70, 000 cells in less than 200 time steps. To reach a similar size, the tumour with symmetric division probability of 0.2 took 35, 000 time steps. Colour bars denote number of mutations present in a given clone, n.b. top scale is about 1/3 of bottom scale.
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lattice sites. The daughter TAC is created with the same mutation ID as the parent, and age = 0, while the parent TIC will independently acquire a random number of new mutations, as described above.
136
If the chosen cell is instead a TAC, then the check after available space is a check of the cell's 137 proliferative age, which is the number of divisions as a TAC. If the TAC age is equal to the replicative 138 potential, β , then the TAC dies, at which point it is removed from the simulation. If the TAC age is less 139 than β , then we create a new TAC daughter and places it in an empty space in the Moore neighbourhood 140 at random. The parent and daughter TACs share the same mutation ID and their age is updated to be one 141 more than the age of the originally chosen TAC.
142
Full implementation
143
The full CA flow-chart, represented in Fig 1C, schematises the entire process of cell fate decisions that 144 each cell undergoes at each time step in the spatial model. In the top panel, the rule set followed by the
145
TICs is represented to include differentiation and mutation. In the bottom panel, the TAC rule set is defined Thus, we can test whether phylogenetic tree-based measures are able to discriminate TIC symmetric 153 division probability in the case where the 'ground truth' is known. At each time step we record the spatial 154 location of each individual cell with its mutation ID, which is our CA state vector. Additionally, we record 155 the evolutionary 'life history' as a list of ordered pairs of every mutation event as (parent mutational ID, 156 child mutational ID). We then recursively construct the phylogenetic tree from this life history.
157
Phylogenetic tree reconstruction algorithm
158
To create the complete tree data structure required for our quantitative analyses we use the information 159 encoding the mutation events from our stochastic simulation. To this end, we create a list of unique 160 parent-child pairs using the life history of mutation events. We then apply an iterative process in which 161 each child is added as a subnode below the parent (from the unique parent-child pair). This process is 162 continued until all parent-child pairs are added to the structure, and the tree is complete. The simulation 163 code and functions to create these trees and calculate the metrics is freely available on request. symmetric division probability (more branches). However, the tree structure is not as easy to parse visually. and indices of imbalance (denoted with 'I') was by Shao and Sokal 57 , who reported striking differences 184 between the studies' measures. Their central message was that different measures on trees can give 185 insight into different aspects of the underlying processes governing the interactions, and one should thus 186 consider several measures for any given tree or family of trees. In this study we will consider several tree 187 topology-based measures.
188
Before describing the measures, it is worthwhile to briefly define the terms which are used to describe 189 trees, and the two basic underlying stochastic models which have been proposed to describe neutral 
Sackin index
208
The Sackin index was the first statistic used to understand the balance of a phylogenetic tree 55, 57 . To compute this statistic, one sums the number of ancestors (N i ) for each of the n terminal nodes of the tree:
This index increases with tree size: under the Yule growth model, its expectation E[I n s ] grows as 2n log n 58 .
209
One can therefore only perform a meaningful comparison of Sackin indices of trees generated from 210 tumours if the same size.
211
Normalized Sackin index
212
To address this dependence on tree size, several normalisations to the Sackin index have been proposed, two of which we explore here. In particular, one can normalise the Sackin index of a phylogenetic tree to the expectation value of a similarly sized tree, under the Yule growth model:
One can alternatively normalise using the Proportional to Distinguishable Arrangements (PDA) model 59-61 213 which is simply the Sackin index scaled by n 3/2 .
214
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The B1 statistic
215
The B1 statistic, originally described by Shao and Sokal 57 , considers the balance of a tree. To calculate the measure, one uses all i internal nodes of the tree with the exception of the root (the founding cell). For each non-root internal node j, the maximum number of nodes traversed along the longest possible path to a terminal node, M j , is counted. The B1 statistic is then defined as
reports the average number of nodes above a terminal node. To compute this, we sum the path from Supplementary Fig 9 for effect size) .
240
Variation of tree-based measures with symmetric division probability
241
The results of the model are presented in Fig 5 (right) . We find that all of the indices have monotone simulation based studies 63 , we report them here for comparison, and report effect size as well, with full 247 statistics reported in Figure 9 . The strongest effect is seen in the Sackin index (R 2 = 0.871), followed
248
closely by the Yule normalised Sackin index (R 2 = 0.743).
249
Figure 5. A summary of four tree indices measured over a range of symmetric division probability. We plot the distribution of each of four measures of tree balance for the final resultant trees from 50 simulations against symmetric division probability. All simulations were run with β = 4 and λ = 0.01 until a tumour size of 250, 000 cells. In each plot we display a box-whisker plot as well as the individual results as points. NS = non-significant by the Wilcoxon rank sum test.
Dynamics of tree-based measures during tumour growth
250
As discussed in Materials and Methods, the measures considered here are strongly dependent on the total 251 number of nodes in the tree. With all other parameters held constant, simply allowing a tumour to grow 252 larger would increase the number of total mutations, and therefore the number of total nodes, subsequently 253
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altering the value of the measure. To ensure that the differences we have noted are robust to changing 254 tumour size then, we next consider how these measures evolve during the growth of a tumour.
255
Figure 6. Comparing phylogenetic tree measures across symmetric division probability through tumour growth. We plot the average and standard deviation (error bars) of four phylogenetic tree measures for each of the 50 simulations for a range of symmetric division probabilities over the course of tumour growth. Rank is maintained across symmetric division probabilities for each of the 3 tree measures with which we could discriminate between symmetric division probabilities. As before,N is not predictive and changes rank throughout tumour growth. All tumours are grown to eventual confluence at 250, 000 cells. In all simulations β = 4 and λ = 0.01.
To determine how these measures vary over the life of a growing tumour, we measure the index given tumour is rarely known, while size can be readily approximated.
265
After reconstruction, we then create a 'time' trace for each statistic. We plot these statistics over represented by a single trace with the standard deviation represented by the coloured error bars. We find 268 that for each of the statistics, exceptN, the relationships between the symmetric division probabilities are 269 maintained over time, suggesting that, if we know the tumour size, and true phylogeny, we can estimate the 270 relative symmetric division probability between two samples from these measures. This statement must 271 be somewhat qualified by the fact that mutation probability was also held constant for these simulations.
272
While estimating mutation probability is not trivial, significant advances have been made into measuring 273 the speed of the 'evolutionary clock' of tumours: essentially a proxy for mutation probability 64 . Further,
274
we found that the rank order of each discriminatory measure holds throughout tumour growth, indeed 275 becoming more discriminatory as the tumours grow larger (with the exception ofN). As the tumours 276 simulated in this study are unrealistically small given the computational constraints, this information
277
gives us hope that in tumours of realistic size, these measures would be even more useful. This becomes 278 particularly important as the statistics that we have calculated come from the 'true trees', that is, trees 279 comprised of all mutation events. In reality, trees would be inferred from the imperfect information 280 gleaned from biopsies.
281
Dependence of tree-based measures on mutation probability
282
As the tree measures depend heavily on the number of mutations within a given tumour, and therefore the 283 number of branches within a given tree, we next ask how these measures behave when we vary mutation 284 probability (λ ) and symmetric division probability simultaneously. To answer this, we perform 10 Sackin index perform over this range of λ to better understand the applicability of these measures in 290 determining differences in symmetric division probability.
291
We plot the results of this parameter investigation in Fig 7. In each heat map, we plot the mean of 292 the 10 simulations for each parameter combination with symmetric division probability varied along the 293 horizontal axis and mutation probability along the vertical. The indices which are not normalized by 294 branch number, namely the Sackin index and B1 statistic, increase monotonically with mutation probability 295 and symmetric division probability in all cases. The Sackin index normalised by the PDA model, however,
296
varies somewhat unexpectedly and has a global minimum at symmetric division probability of 1.0 and 297 mutation probability 0.01. This measure is monotonic in symmetric division probability except at the 298 highest mutation probability where it becomes somewhat more difficult to determine the differences.
299
As before, the B1 statistic appears to be the most stable, and only breaks down slightly in its ability to 300 distinguish between the families of simulations at the lowest mutation probability (λ = 0.001) and the heterogeneity which undergoes neutral evolution. We then developed an algorithm to construct phyloge- Figure 7 . Comparing phylogenetic tree measures across symmetric division probability and mutation probability. We plot the average of each of four phylogenetic tree measures at the end of each of 10 simulations for a range of symmetric division probabilities and mutation probabilities. We vary mutational probability over two orders of magnitude (0.1 − 0.001), and simulate all tested symmetric division probabilities. Rank is maintained across symmetric division probabilities for each of the three four measures with which we could discriminate between symmetric division probabilities with changing mutation probability, allowing for differentiation between parameters. As before, theN statistic is not predictive. As expected, for the non-normalized indices, Sackin and B1, the measures change monotonically with both symmetric division and mutation probability. For the PDA normalized Sackin index, however, there is a global minimum for λ = 0.01 and α = 1.
netic trees from simulated tumours. The resultant trees were then analysed and compared using a suite 311 of statistical measures of tree (im)balance. Through this method, we have generated a large dataset that 312 includes the observed statistical measures of the 'true' phylogeny for tumours with a range of symmetric 313 division probabilities.
314
In particular, we compared the classical measures of tree topology -the Sackin index and the B1 315 statistic -as well as normalized versions of each across several parameters of our spatial and non-spatial 316 models as well as through the process of tumour growth. Not surprisingly, we found that the Sackin 317 index was able to discriminate between the families of simulations as it is directly correlated with branch 318 number (in this case correlating with total number of mutations in the TICs, which also is increased with 319 increasing symmetric division probability). Encouragingly, we also found that the normalised version of 320 this metric was able to discriminate between the different symmetric division probabilities, suggesting 321 a more meaningful (and measurable) topologic difference between the underlying phylogenetic trees 322 resulting from these parameter changes (representing diverse biological traits). Figure 8. Raw and pruned trees give rise to qualitatively similar summary measures with rank preserved.
For each tree-based measure considered in the main text, we plot the measure based on the full (upper) and pruned (lower) tree. For each pair, we plot the results from 10 simulations for each of the tested symmetric division probabilities. From left to right, we plot the B1 statistic,N, the Sackin index, the PDA normalised Sackin index and finally the Yule normalised Sackin index.
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Effect size of symmetric division probability
493
To better understand the impact of the symmetric division probability on changes in results tree topology,
494
rather than just use differences between families of simulations, we compute the regression slope, R 2 495 and p-value of the regression line for each case. For the B1 statistic we find a regression slope of 
